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EVALUATION

1. As future tactical and strategic sensors become more automated and unattended,
their processing will increasingly treat the environmental scatter as information
rather than "clutter" or interference. By inference from measureable quantities
and statistics, the processor will recognize the existence of weather, chaff, dis-
crete targets, homogeneous distributed areas, shadowing as opposed to specular re-
flection, and other environmental categories. This information will allow the sys-
tem to adapt its waveform, energy budget, and detection/CFAR algorithms for optimm
performance. This effort investigated algorithms which may be usable in such a

recognition scheme,

2. Stress was placed on the strengths, weaknesses, and peculiarities of two prom-
ising algorithms when applied to the recogrition of shadowed areas. The program
has provided an excellent insight into the robustness and sensitivities to data
format of each algorithm and the care required in the interpretation and use of
algorithmic results. This report will be a useful reference in the development
of clutter model and associated adaptive processing for future intelligent umat-

tended systems.

WILLIAM L. SIMKINS
Project Engineer
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1.0 INTRODUCTIOMN

This report presents the results of the work done during:
the period June-December 1979 on investigating the
applicability of nonparametric clustering - techniques to the
extraction of features from radar clutter. The Forgy-Jancey
[1) and minimum spanping tree [2] algorithms were investigated,
with particular application to the problem of locating and
characterizing shadoved regions in ground clutter. The
significant result of the work is an exposition of the
strengths and weaknesses of the two clustering techniques when
applied to both simulated and actual radar returns, It is
expected that the same strengths and weaknesses should appear
in applications involving extraction of clutter features other
than shadows.,

The motivation for undertaking the present study of ground
clutter is summarized in 131. The need has existed sirce
before the Second World War to extend the ability of radars to
detect and identify targets of 1low cross-section in severe
clutter, Initial efforts were concerned with increasing
transmitter powver, but for the past two decades the emphasis
has bgen on development of the signal processing abilities of

radar receivers [4]. The recent explosive developments in

digital technology are expected to result in a new generation
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of sophisticated signal=processing radars, able to take
advantage of random-access memories and high-speed
computational ability. The need to specify how such radars are
to be designed and used provides a requirement for an improved
understanding of the structure of backséatter clutter,

There are several indications that the present:
understanding of backscatter clutter is inadequate. First,
clutter measurement efforts concerned with various terrain and
cultural features have produced data of only limited
consistency. In particular, it is not uncommon to find a 15 to
20 dB spread in measurements of intensity returns made at
different times from supposedly identical terrain, Second,
there has been only limited success in predicting backscatter
from toptgraphical maps, even though the terrain relief,
surface features, and ground cover are specified on the maps.
Finally, radars employing signal processing systems, such as
CFAR, that are based on particular clutter models [5] have
frequently been found to perform more poorly than analysis
based on the clutter models would suggest.

There are several possible reasons for the poor
consistency of measurement data and the difficulty of
predicting backscatter intensity from terrain descriptions.
First, it is 1likely that backscatter is highly sensitive to

surface parameters such as moisture, temperature, and wind
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velocity, that are difficult to measure simultaneously with the
radar return, and have not always been included as a part of
the recorded "ground truth", Second is the possibility that
the clutter returns vary with the parameters of the rédar‘
itself in ways that have not yet been clearly recognized,

Much of the radar signal processing effort to date has

been based on the assumption that clutter intensity can be

¢

modeled bi a random variable. The motivation to develcp such a
model 1is strong, because of the success of design methods using
the Neyman-Pearson decision rule in connection with a gaussian
or rayleigh model for thermal noise. Such decision-theoretic
methods could be easily extended. to detection of targets in
clutter, if only the probability density function of the
clutter intensity could be found. It is likely, however, that
ground clutter is too heterogeneous to be represented by a
single random variable, or possibly even by a single type of
random variable. It is therefore necessary that an examination
of the structure of radar clutter be carried out in a way that
does not rely on knowledge of a probability distribution.
Methods for investigating the structure of unknown data
have been developed in connection with research in taxonomy
(1,6] and chemistry (71]. These methods are referred to as
either g¢lassification or g¢lustering methods, depending on
whether or not a statistical structure is assumed for the

unknown data. The classification methods assume that each data
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entity belongs to one of several possible categories, each
category characterized by a probability density function. Most
classification algorithms require training on data whose
classification by category is known. The training allows the
algoritkm to estimate the density functions corresponding to
the various categories. The estimated density functions are
then used in classifying future unknown data. In contrast,
clustering methods do not assume that categories of data can be
characterized by density functions. 1Instead, data entities are
grouped into clusters by examining the distances between
entities based on some suitzble measure of distance, A
detailed discussion and comparison of many available

classification and clustering methods is presented in (6].

In the present research the view has been taken that
ground clutter from arbitrzry sources can not be reliably
represented in terms of probability density functions [8].
Attention was therefore focussed on an investigation of the
various clustering methods. The research has proceeded along
three paths: first an investigation of the Forgy-Jancey
clustering algorithn, second an investigation of the minimum
spanning tree algorithm contained in the program package

ARTHUR, and, finally, an investigation into some pre-processing

techniques applicable to either of the clustering algorithms.
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MODELING OF SHADOWS IN RADAR CLUTTER

A description of the Forgy-Jancey algorithm along with tle
results obtained from applying it to a variety of simulated and
actual clutter returns is presented in Section 2. Although the
Forgy-Jancey algorithm 1is well~known, it was necessary ¢to
create our own programs, and to devise from scratch the
necessary input-output and display routines. Investigation of
the minimum spanning tree clustering method is described 1in.
detail in Section 3. This investigation began with acquisition
of the ARTHUR program package (7] from the University of
Georgia. The nec#ssary Jjob=control language was created, and
the ARTHUR package compiled so that it is currently available
on the Clarkson College computer. The minimum spanning tree
algorithm was tested on some of the same sinulated data as was
devised for the Forgy-Jancey tests. Section U4 contains the
results of some pre-processing efforts that were tried on
actual clutter data. The pre-processing was motivated by the
need to reduce the quantity of data to a managable amount for
the ARTHUR package. The pre-processing is typical of the steps
that would be taken in an actual clustering effort, and
provided an indication of the amounts of CPU time, programming
time, and costs that are involved in such steps. Section §
contains an overall summary and the conclusions. '
Sections 1, 2, and 5 were written by Bruce A. Black,

Section 3 by William Ladew, and Section 4 by Mohammed

Arozullah.
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2,0 THE FORGY-JANCEY ALGORITHM

2.1 The Algorithm

This section discusses the operation of the Forgy-Jancey
clustering algorithm, and the tests that were made on simulated
and actual radar data to probe the strengths and weaknesses of
the algorithm as a tool for identifying the structure of ground
clutter from shadowed terrain. The computer program for the
Forgy-Jancey algorithm was obtained from Fordon [9]. Several
modifications to the algorith@ were made to allow greater
flexibility in manipulating, saving, and displaying the input
and output data. The algorithm employed in all of the tests is
due to Forgy [10]. Jancey's version [1] contains a heuristic
to avoid 1local minima, but was not needed in the present
application. The basic Forgy-Jancey program along with the
modifications is presented in block-diagram form below. A
listing of the important subroutines is presented in an
Appendix.

Figure 2.1 is a flowchart showing the operation of the
Forgy=-Jancey algorithm. This algorithm forms clusters of data
entities, where each data entity is a vector of NV components.
The number NV of components in a data entity (number of

variables), the number NE of data entities, the number NC of
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MODELING OF SHADOWS IN RADAR CLUTTER

clusters, and the coordinates of the cluster centroids must all
be specified by the user. 1In this version of the algoritkm the
number NC of clusters cannct be modified by the program; the
program can neither create nor delete clusters., In operation,
the program will partition the NE data entities into KC
clusters. A measure of the compactness of the clusters that is
used as a figure of merit by the program is the
total summed deviations. For a given partition of the data
into clusters, this 1is the sum over all the entities of the
distance between each entity and the centroid of the cluster to
which it is assigned.

Forgy's algorithm begins with an initial set of NC cluster
centroids. In the main loop of the program, each data entity
is assigned in turn to the nearest cluster centroid. WVhen 3ll
of the entities have been assigned, the cluster centroids are
recomputed. Each iteration requires a complete pass through
the data. It is easily shown that a pass through the ma2in loop
cannot increase the value of the total summed deviations, so
that the algorithm must converge to at least a local minimum,
In each pass through the main 1loop the program counts the
number of entities whose cluster assignment is changed. When
the number of changes falls below a user-supplied paremeter
MINREL, the program halts., Except where otherwise noted,

programs were run with MINREL equal to zero, corresponding to

complete convergence,
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The distances between entities and cluster centroids
required by the algorithm are computed by a user-supplied
subroutine DIST. Because this routine is externally  supplijed,
the distance function can be configured to meet the specific
application. In particular, it is possible ¢to base the
distance <calculation on a subset of the components of the data
entities. Both euclidean and non-euclidean distance measures
are allowed.

The program path for the Forgy-Jancey algorithm is shown
in Figure 2.2. The program MAIN and the subroutines EXEC,
USER, RESULT, KMEAN, and USROUT were all supplied or modified
as a part of the present effort. The program supplies as
outputs:

1. A raw membership list, listing cluster membership for

each data entity.

2. A sorted membership list, giving for each cluster the

sequence numbers of its members.

3. A sortec¢ data file. The data entities themselves are

sorted into groupings by cluster membership. This file-

can be saved on disk, thus allowing the entities forming a
single cluster to be isolated for further processing.
y, The program prints the final centroid locations for

each cluster, the number of data entities belonging to

each cluster, and the value of the total sunmed
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2.2 Testing

For initial testing of the Forgy-Jancey algorithm, a set

L et v VR D i AR AP AN

of 10,000 data entities representing a 100-point by 100-point

"scene" was generated. Each data entity was a three-vector,

(x,y,I), where x and y represent the position of the entity in.

rectangular coordinates and I represents the intensity of ¢the

radar return from position (x,y). Two rectangular regions were

set aside in the 100x100 array to represent "shadovs", one

region occupying 651 points and the other occupying 121

points. The test scene is depicted in Figure 2.3.

For the 1initial test of the algorithm, the value 0 was

given to the intensity component of data entities in the

shadowed areas, while the value 1 was given to the intensity

component of data

entities in the unshadowed area, The

algoritkm was applied with the number of clusters NC set equal

fe to two. The distance function DIST was set to compute the

distance between two entities as the magnitude of the

difference between their intensities. The output of the

'f program is shown in Figure 2.4. The points marked 1 correspond

to cluster 1, while the points marked with a dot correspond to

; cluster 2. Note that cluster 1 contains exactly the entities

in the shadowed array.

A second clustering was carried out using only the

entities in cluster 1 as data,

This time the function DIST was
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changed to compute the distance between two entities as the
euclidean distance between their positions. The program was
run with NC = 2. The output is shown in Figure 2.5. In this
figure the points marked with a dot were not included in the
input data. The points marked 1 and 2 represent the two
clusters obtained by the algorithm. Note that these correspond
exactly with ﬁhe two shadovs,

A second, more demanding, test of the Forgy-Jancey
algorithm was made using random numbers as simulated intensity
values.' A program was written to produce a sequence of numbers
having a rayleigh distribution. The distribution parameter
sigma is entered as an input t» the program. To establish the
test data, 10,000 rayleigh-distributed numbers were generated
with sigma = 1. These pumbers were assiéned as intensity
values to the data entities in the 100 by 100 array. Next a
sequence of rayleigh-distributed numbers was generated with
sigma much greater than one. These numbers were added to the
intensity values of all the data entities outside the two
shadowed areas. Thus a set of test data was established to
represent two shadows containing only rayleigh=-distributed
thermal noise in a larger region of brighter
rayleigh-distributed clutter.

As in the previous test, the Forgy-Jancey algorithm was
applied twice, once to separate the low-intensity shadows from

the bright clutter background, and a second time to separate

11
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the low-intensity cluster into individual shadows. The reéult
the first ciustering is shown in Figure 2.6. The bright
clutter in this case has sigma set to 10,000. In the figure,
the dark cluster is indicated by ones and the bright cluster by

twos. Note that the dark cluster includes many points.

beloﬁging to the bright region. In fact, the algorithm was
unable in this case to locate the dark region; the program was
instructed to find two clusters, and it did so by splitting the
bright data half. The shadow data are simply included in the
darker of the two clusters.

To provide a greater apparent separation between the dark
and bright data, and to provide an example of the use of
coordinate scaling, the program was modified to interpret
intensity values in decibels. This was effected by employing
the program USER to replace the intensity values I for esch
entity by their logarithms 1nl as the entities were read into
core., The result of a clustering done on the rayleigh data

using this logarithmic ‘transformaticn is shown in Figure 2.7.

Perfect separation of the dark and bright regions was’

obtained. Figure 2.8 was obtained using only the dark cluster
as data. The dark cluster was split on the basis of position
into the two clusters shown by points marked 1 and 2.

The gap between the dark and bright intensity values can

be reduced by changing the value of sigma used in generating

12

T

it g e e
R it b ey, Y- WY o v N




b S, Whse KRS . Sl N g

0 e i

o <5 s g e

3
s
v
3
%
%
F{
3
¥
H
%
I
&
»
i
LA
5

3o g e

MODELING OF SHADOWS IN RADAR CLUTTER

the bright rayleigh data. To create a more demanding exercise
for the algorithm, the data set was recreated with sigma equal
to 50. Logarithmic scaling of the intensity values was again
used. Figure 2.9 shows the result of clustering for light and
dark intensity regions. Points in the dark cluster are
indicated by ones, and points in the bright cluster are
indicated Sy twos. Note that a number of bright points have
been misclassified by being included in the dark cluster. It
would be expected that statistical variation among the
intensity values of the non-shadow data would lead to some
"bright" points with intensity values that are in fact as 1low
as the values of the intensities of the shadow data. The
number of misclassified points shown in the figure corresponds
roughly with the number that would be expected on statistical
grounds.

Problems with convergence of the Forgy-Jancey algorithm
were encountered for the first time in generating the clusters
shown 1in Figure 2.9. To generate this figure the algorithm was
halted using MINREL = 100; i.e. on the first pass for which
fewer than 100 data entities were reassigned. Figure 2,10
shows the result of running the algorithm all the way to
convergence, a process which required nearly five minutes of
CPU time. It is interesting, and somewhat surprising, to note
that the dark cluster of Figure 2.10 1includes even more

misclassified "bright" points than does the dark cluster of

13 /7/’
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Figure 2.9.
The dark cluster of Figure 2.10 was used as the data base
for the second clustering pass, 1in which individual shadows

were separated. Figure 2.11 shows the result of clustering by

'position with NC equal ¢to two., In this case the two shadows.

were correctly separated, but each cluster consists of a dense{

core, corresponding to the actual shadow, surrounded by a
'sparse "halo" of points., In an attempt to separate the shadous

from their halos, several clustering passes were made on the

~ data with NC greater than two. Figure 2.12 shows the result of

clustering by position when NC equals three. The points marked
zero are excluded from the data set. The three clusters are
indicated by points marked 1, 2, and 3, respectively. (Cluster
two is in the upper right-hand corner of the figure.) Note that
the actual shadows still form the cores of separate clusters,
but that both are still surrounded by halos. Figures 2.13,
2.14, and 2.15 are the results of clustering with NC
respectively equal to four, five, and six. Figure 2.16 shows
the case with NC equal to seven. One of the shadows has been
split into two clusters, marked 1 and 7 in the figure. This |is
an undesirable result, from which two lessons can be learned:
first that the Forgy-Jancey algorithm will find as many
clusters as it is instructed to, whether or not these clusters

are meaningful, and second, that increasing the number of

L]
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clusters 1is not an effective method for removing the halo from
a dense core of points.

Identifying the value of NC that corresponds to the number
of clusters actually present 1is difficult vwhen dealing with:
unknown data, especially data of high dimensionality that
cannot be rgadily plotted. Jancey [1] suggests beginning with
NC = 1 and running the élgorithm repeatedly with NC = 2, 3,

etc. As the number of clusters increases, the value of the
total summed deviations obtained at convergence will decrease.
As "natural"™ clusterings are obtained, there should be
significant drops in the value of the total summed deviations,

An example of this effect is présented in [1]. Figure 2.17

shows the values obtained for total summed deviations in the
above rayleigh example when NC = 1 through 7. Note that the

most significant drop occurs when NC is raised from one to

two.
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2.3 Removal of Outliers

Fordon [9) suggests a modification of the Forgy-Jancey
algorithm to allow rejection of data entities that are too far’
from any of the cluster centroids. A data entity can be

isolated if it satisfies the relation

D - D } < (OUTLYR)xD ,
avg min avg .
where D is the distance between the entity and the nearest
min
cluster centroid and D is the average of the distances
avg

between the data entity and each of the cluster centroids. The
parameter OUTLYR is assigned a value between zero and one by
the progranmer. A value of zero results in no entities being
isolated, while a value of one results in every entity being
isolated. The main loop of the Forgy-Jancey algorithm was
modified so that whenever an isolated entity is encountered it
is designated as the centroid of a new cluster. This allows
the program to increase the number of clusters. A provision
was included to limit the number of clusters to a
programmer-specified 'maximum, since CPU time was found to
increase dramatically with the number of clusters. In
interpreting the results of a clustering run, the programmer
has the option of disregarding all newly-formed clusters as
representing outliers; i.e. sets of anomalous entities that lie
outside the known clusters, or of accepting all of the clusters

in the expectation that the program has found a more natural
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number of clusters than the programmer originally specified.

An example of a clustering run using the modified
Forgy-Jancey algorithm 1is shown in Figure 2.18. The data set
is the 100xi00-point array depicted in Figure 2.3, with each-
entity having an intensity value of zero or one. Three
outliers weré created, having intensity values of zero, and
lying outside the simulated shadovs, The Forgy-Jancey:
algorithm was run twice, once to separate out the low-intensity
points and once to cluster these points into individual
shadows. Figure 2.18 is the result of the second run. To
generate this figure, the program was started with NC = 2 and
OUTLYR = 0.6. The program responded by creating two additional
clusters, identified in the figure by the numbers 3 and &.
Although the program successfully 1located the three outlying
points, it should be noted that the value used for the
parameter OUTLYR is fairly critical. The program was unable to
locate all of the outliers when run with OUTLYR = 0.4.




Caia W g e e T g 5 i, 3 o ot pm GRS ey i o o 1 sy i
B o S S en e

MODELING OF SHADOWS IN RADAR CLUTTER |

;

i

2.4 Testing of Actual Radar Data P
A tape 'containing a segment of a PPI display was provided :

by the Signal Processing Laboratory at RADC, courtesy of
William L. Simkins, Jr. The tape contains data in essentially

the same format as the simulated data described above: each.
data entity is comprised of a set of three components
representing x and y position and intensity. The data were
created by quantizing a photograph of the original CRT display,
and in consequence the intensity scale of the data is !
compressed by the responses of the CRT phosphor and tE? film.
Figure 2.19 depicts one quadrant of the }adar data. The grey B
scale used in the figure consists of the symbols
(W,*,A,I,+,-,.,blank), in order from highest to lowest
intensity. Figure 2.20 shows the low-intensity regions of the

l~ quadrant of data. The set of low-intensity entities was used

1: as a data base for the Forgy~-Jancey clustering algorithm. g
Numerous runs were made, using various values of input :
parameters, A typical output 1is shown 1in Figure 2.21. To

generate this output twenty-one initial cluster centroids were- i\
chosen, corresponding roughly to the centers of the clusters

visible in Figure 2.20. The outlier parazmeter was set to

OUTLYR = 0.9, and the algorithm was stopped when fewer than 33 1

entities changed cluster membership (MINREL = 33). The program

ran for nearly four minutes and generated a total of

|
,‘
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twenty-five clusters.

Examination of Figure 2.21 reveals the twenty-five
clusters, designated by the numbers zero through nine and the
letters A through O. A close examination of this Figure
reveals that many of the clusters found by the program do not
correspond to' the natural clusters evident in Figure 2.20. 1In
particular, attention is called to cluster K, which is composecd
of the adjacent parts of four natural clusters, clusters C and
0, vhich split a single natural cluster, cluster 2, which
contains some entities that should properly belong to cluster
3, and cluster D, which encroaches on the territory of clusters
C and 0.

In processing the actual radar data, the Forgy-Jancey
algorithm had a great deal of difficulty in locating the
natural clusters. It is likely that this difficulty stems from
two sources: the highly irregular shapes of the natural
clusters, and the fact that the natural clusters vary greatly
according to size. It is believed that the
total-summed-deviations figure of merit used by the algorithm
tends to emphasize the compactness of clusters, Thus whenever
a cluster becomes too long and narrow, the algorithm will split
it into two smaller clusters. The procedure used by the
program for generating new clusters tends to result in clusters
of about equal size. Hence the difficulty in dealing with a

data set that contains clusters as small as cluster T and as

19
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large as cluster 6.
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{ % 2.5 Conclusions i
% The Forgy-Jancey clustering algorithm is a poverful tool f

5 {

‘ § whose principle advantages seem to be its generzlity and g
1 i

i

j : simplicity. The generality results from the ability of the

algorithm to handle data sets of essentially any size,

i ? consisting of data entities of any dimension. The number of
clusters tkat the algorithm can handle is also essentially
i? : unlimited, and the 'programmer is free to prescribe arbitrary
coordinate scaling and an arbitrzry distance measure. The

simplicity of the algorithm is helpful when modifications are

Ao a9 1 g <A e vt w5 e et

needed. In carrying out the present study it was necessary to
add several input and output routines, and to modify the main
loop of the algorithm to incorporate the ability to generate
new clusters,

The drawbacks to using the Forgy-Jancey algorithm are
clearly illustrated in Section 2.4, particularly in Figure
2.21., The Forgy-Jancey algorithm is known ¢to be capable of

finding clusters that bear no relation to any natural

i 5 clustering [10], and must be used with extreme care on unknown

i ; data that can not be visually inspected. Some of the

a
e

difficulty in locating the natural clusters in Figure 2.21 can
be attributed to the procedure used for generating new

clusters. Without this procedure, however, it is necessary to

Bl 0 U AnL
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specify the number of clusters in advance. Jancey's procedure
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] for monitoring the totzl summed deviations offers one method by P
' i
j which the number of natural clusters might be determined.
2
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3.0 MINIMAL SPANNING TREE ALGORITHH

3.1 Introduction

In this section we describe the minimal spanning tree
algorithm [2) for clustering data. This graph-theoretic method
differs greatly from the Forgy-Jancey method described in the
previous  section, We used an implementation of the MST
(minimal spanning tree) algorithm in our investigation obtained
in the ARTHUR subroutine package. ARTHUR is a general package
of data manipulation and analysis subroutines that was obtained
from the University of Georgia. The MST subroutine in the
package 1is called TREE and requires use of a distance
subroutine DIST, plus input and output utility subroutines also
contained in the package., ARTHUR will be discussed further in
this section, along with the description and discussion of
TREE. Before we examine how TREE clusters our data, we must
first discuss the MST algorithm and how it can be used for

clustering.
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3.2 Minimal Spanning Trees

A minimal spanning tree is an undirected graph that

includes all the given datz points, has no loops or cycles, and

has a minimal distance over all the edges in the tree. The MST

can use any distance metric to describe how close (or similar).

the data points are, but the important point is that tﬁg
resultant tree will have the smallest total distance of any of
the possible spanning trees. The choice of the distance metric
makes this method general for any type of data; however, in our
study we only considered euclidean distance for x-y data. This
is because we were only doing x-y clustering in this phase of
our study. A different form of metric could be used for some
other clustering, such as intensity clustering. The ARTHUR MST
algorithm clusters data by finding "inconsistant" edges in the
MST; the tree itself does not contain clusters, but the
algorithm points out edges that when deleted would give a
natural clustering. This method of forming clusters eliminates
one of the major problems encountered in using the Forgy~Jancey
algorithm, namely that we must tgll it how many clusters to
find, but the MST clustering algorithm then needs some form of
information describing what an inconsistant edge 1is. The
factors we use to determine whether an edge 1is inconsistant
depend on the average length of the neighboring edges, where we

can specify how deep along the tree a neighboring edge is. We
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faoet: -

s . i

R

T IRV
YR N

ynd VA A—“\);rﬂﬂwﬁm RS

LSRN

R S

R B At -

2 e e M L Ot 5 A AR St T A A il I AN 3 5T SS MOt e e o 2

MODELINRG OF SHADOWS IN RADAR CLUTTER

also need to know how many standard deviations from the average
the edge is question is. The edge is cut based on these
parameters, if the édge is more than the specified number of
standard deviations from the average.

This method of forming clusters:-is general in as much as
the distance metric is general and the clustering criterion is
relative to distances in the tree. This method of choosing-
clusters based on inconsistant edges in the minimal spanning
tree will work well on many types of data, as shown by Zahn
[(21. After the tree is formed, the inconsistant edges are
found and deleted and the connected groups that are left are
the clusters. This means that we can form any number of
clusters, not Jjust a predetermined number or renge of
clusters. Also, we can find the tree Jjust once, and try
several different sets of clustering parameters on it, without

the expense of finding the MST each time.
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3.3 ARTHUR and the MST
We used the TREE routine in ARTHUR to cluster data using a
minimal spanning tree. TREE can be given three parameters,.the

DEPTH of the neighbors, a FACTOR used in finding

inconsistancies, and a SPREAD of the number of standard:

deviations allowed before an edge is inconsistant. An edge is-
inconsistant if its length 1is greater than FACTOR times the
length of the neighboring edges, or if it is more than SPREAD
standard deviations 1longer than the average of the neighboring
edges, where neighboring edges are all edges within DEPTH edges
from the edge being tested ([7]. A copy of the ARTHUR
documentation is contained as an appendix in Fordon (9]. In
using TREE, the data must be input to ARTHUR using one of its
utility routines. The distance matrix containing the distance
between every pair of data points must be found and stored
using the DIST utility routine, and then TREE is called. Part
of a test run of ARTHUR and TREE is shown in Figure 3.1,
showing how TREE outbuts the MST as a 1list of nodes and
'neighbors. The resulting clusterings are shown in Figures 3.2,
3.3, and 3.4, as lists of entities (they call them patterns)
belonging to the various clusters. These clusterings were all
done on the same MST in the same run of ARTHUR; recalculation
of clusters with different parameters does not require

recalculation of the distance matrix or the MST. The main
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limitation 1s that in examining N data entities, we require on

.2
the order of N units of storage for the distance matrix, and

of course the amount of time to compute all the distances.

This is significant in that if we double our number of points,
we need four times the storage and computer time to do the same:
processing. For example, a 10 by 10 picture has 100 points,
and needs 10,000 words of storage for its distance matrix; if
we increase the picture size to 100 by 100, we have 10,000
points and need 100,000,000 words to store the distance
matrix. So to enlarge a picture by a factor of 10 requires a

4
10 increase in memory.

A temporary limitation of TREE is that it only prints a
description of the MST 1in terms of the nodes and edges as in
Figure 3.1, and clustering cannot be displayed other than in a
list of cluster members. The cluster membership is not output
in an ARTHUR format file so we cannot display the clustering
uéing one of ARTHUR'S plotting routines.
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3.4 Actual Clustering Using TREE

In order to test the clustering ability of TREE, we used
data previously used in the Forgy-Jancey testing. We took part:
of one of our rayleigh data files, namely cluster number 2 from.
Figure 2.11, and converted it to ARTHUR data format. This:
picture consists of 218 data entities, shown as 1's in Figufe
3.5. Ve want'to isolate the obvious group of 121 ent;ties from
the surrounding outlier entities. We ran ARTHUR on this data,
found the distance matrix using euclidean distance, and called
TREE. TREE found the minimal spanning tree, shown in Figure
3.6, and clustered the data according to several different sets
of parameters. The clustering formed by the default parameters
of DEPTH=3, FACTOR=2 and SPREAD=0, as in Figure 3.2, did
eliminate some of the outliers from the desired cluster, but
left 207 entities in the cluster, which is not very close ¢to
our desired 121 entities in the cluster., These parameters did
not form many extra clusters; only five clusters were found,
seperating only 11 outlier entities from the main cluster.

By trying only a few different combinations of parameters,’
we made the clustering much better. Using DEPTH=1, FACTOR=1,
and SPREAD=1, we found 33 clusters, shown in Figure 3.3. This
clustering put 132 entities in the main cluster, eliminating
almost all the outliers. It removed 86 of a possible 97 |

outlier entities from the main c¢luster. Using the same

28
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parameters as before, but setting SPREAD=0.5, we obtained the

best results as shown in Figure 3.4, We found 37 clusters, and

the main cluster had only two outlier points included in it,

for a total of 123 points in that cluster. We were therefore
able to eliminate 95 of 97 outlier entities. This clustering
is drawn out in Figure 3.7, shown as the remaining edges in the

tree, with all of the clusters circled to identify them.

This clustering differs from possible clusterings by the

Forgy-Jaﬁcey algorithm in several ways. First, it cannot split
up dense clusters because it attempts to cut edges only where
they are not dense. Also, since this 1is a single pass
clustering, the decisions are made once, not iterztively
updated. This means that there are no convergence problems
with the resulting waste of computer time. Again, since wve
need not choose in advance how many clusters to find, we
eliminate the problem of re-running the progrzm with different
numbers of clusters until an optimal number is found. Instead,
the program will find the appropriate number of clusters, given

the parameters for cutting inconsistant edges.

s
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3.5 Conclusions

The TREEiroutine can create clusters from noisy data, as
shown in Figure 3.7, without problems such as the splitting of

desired clusters found with the Forgy-Jancey clustering.

! However, TREE 1in _its present form is relatively expensive in.
_f both time and storage required, Part of this expense is due to-
ﬁ the overhead involved in using the ARTHUR subroutine package,
3 but using ARTHUR is worthwile because it gives us a powerful
and flexible system of programs, rather than a stand-alone MST
program. ARTHUR provides us with its flexible input routine,
and has built-in routines to do scaling on the data, and even
] can orthagonalize data that is not orthagonal. It also has a

histogram plotter to check the data distribution, three

different data plotting routines, and several classification
subroutines besides TREE, such as a bayesian classifier and a
hierarchical classifier. A stand-alone MSI' program might be
more efficient, but would take substantial programming effort

and would sacrifice all those valuazble subroutines. The space

2 .
expense is due to the N size of the distance matrix, which

A e O R R, c e

presently limits maximum size of the data set that can be
analyzed. However, ARTHUR c¢an store data in both memory and '
disk dynamically by swapping parts of the data set between core ’

and disk, saving memory at the cost of more disk I/0

operations.
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TREE is more flexible than Forgy-Jancey because it does
not have to told how many clusters to find. In addition, Zahn
[2) suggests a variety of alternative schemes for dividing a

minimum spanning tree into clusters, each of which might be

useful for a different pattern of data entities. If some of:

these schemes were to be incorporated intc the MST subroutine,

it would significantly enhance the usefulness of the minimum

Spanning tree as a clustering technique.

|
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4.0 PREPROCESSING TECHNIQUES

4,1 Introduction

-In this section we describe a few preprocessing techniques:
used on the data before applying them teo the clustering

algoritkms discussed in the preceding sections. The,

preprocessing techniques used are:

a) point-to-point local variance

b) point-to-point local gradient

c) radial derivative
Of 21l these preprocessing techniques the radial derivative is
the most promising one. These techniques were applied to the
compressed digitized radar data provided to us by RADC and
shown in Figure 2.19. In each case we applied the technique
and examined the output data for clues for identification of
bright and dark areas. Results oytained for each technique are
discussed individually in the following. For each of these
techniques we used half of the picture provided as otherwise

the amount of data to be processed was too large.

32
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4,2 Point-to-Point Local Variance

The idea behind this method is that probably the variation
of the intensity of the radar return will be very small inside
a shadow and it will be large in the peripheries of shadovs.

For each point in the picture, variance was calculated by

considering nine neighboring points on the left-right and above

and below this point as shovin below

Y

Wle first calculated the average intensity T for these
nine points. Then we calculated the local variance by using
the formula

=2
Variance = Z (I.-I)7/9
=1
where I indicates intensity at the j-th point.

Then these variances were plotted on an eight level grey
scale using the following symbols: (W,*,A,I,+,-,.,blank) in
descending order of the value of variance (¥ represents the

highest and blank represents the lowest values of the

33
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calculated variances). This plot of the variances is shown in

Figure 4.1,

An examination of this figure reveals that the shadowy .

areas do have small variances and the edges have 1large

variances. However; some areas with constant but high:

intensities also have small variances. Hence it appears that
the 1local variance alone 1is not sufficient for clear cut
'idetification'of shadows, Other information like intensity and
edge information may have to be considered together with the
local variance. Further, with this local variance method all
directional information i.e. the variation of intensity with
distance is lost. |
For an 128 x 128 point data set computation of local
variances needed 33 secoﬁds of CPU time. The storage

2 2
requirement was 2 x 128 bytes, 128 bytes for the original

2
array and 128 bytes for the calculated variances. We used

200 kilobytes of storage and it was sufficient. Expense for

one run was $2.22.
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4,3 Point-to-Point Local Gradient

The idea behind using iccal gradient was that there should
be higher variation of intensity on the edges of shadous than
inside them. For each point of the arrzy 1local gradient was
calculated by considering four neighboring points as shown

below. Y
(xgyi)

4,Y) ) )

b 4
(“)93)

By using the formula,

. - .o 2 - 2
local gradient -‘[(I(xz,y.)l(xl,y)) +(I(x,y2) I(x,yl))

where I represents the intensity at the point (x,y). The
calculgtéz) local gradients were plotted over an eight level
grey scale using the same symbols as in the case of local
variance. This plot is shown in Figure 4.2,

An examination of Figure 4.2 shows that in the case of
local gradient also shadows and high constant intensity areas

have 1low gradients. The edges, however, showed larger

gradient. Hence the local gradient above also can not be used

to identify shadows conclusively. Other information 1like the




intensity, needs to be considered together with gradient,

o Bl Mo M ot s e,

For a 128 x 128 array of data points it took 25 seconds of

CPU time to compute gradients, Storage requirement was also 2

bytes. An allocation of 200 kilobytes was

sufficient.
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Expense for one run was $1.91.
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4.4 Radial Derivative Method '
| In this method derivatives were calculated along radial
lines along those of the radar beam starting from the location
of the radar as shown by the X in_Figures 4.3 and 4.4, The
idea behind using rédial derivatives is that as the radar beam
travels in radial directions, the variation of intensity in the
ra&ial direction will be a better measure of the reflective
nature of ‘the objects illuminated by the radar. Also any
object intercepting the radar beam will prdduce a shadow in the
radial direction.

For each point of the data array radial derivative was
calculated by considering four neighboring points as shown

below J
(%,Y5)
Y.

® x
(1,9) (By) (FaY)

»
(%:%)

by using the formula X~

T,y Ly 1€ ey oy 0 017
2(x*4y?)

for the points in the first quadrant. This formula has to be

Radial Derivative =
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FUNDS

modified for other quadrants. <

th 1 ' 5
For example for the points in the cx, 8‘) o

fourth quadrant as shown, the X »

radial derivative is given by ® )| X i
<Y < b

beg) ( ’ ) c 353) :

x |

Y Czdzﬁ) i

Radial Derivative = (I(x,yl)-l(x,yz))ly'4'(]:(::2.Y)-1(!!]_.Y))lxl

72(x2+72)

s et oA w2

These radial derivatives were plotted on a seveh level

| grey scale using the following symbols.

# < =30 »
e < =15
i <15 =< = ¢ = 5

- il 5.
|
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- 5 =< Blank < 5
+ <15

15 =< A < 30

30 =< W

(%]
[1]
N

the plots are shown in Figures 4,5 and 4.6,

An examination of Fig. 4.5 reveals that:

1. All dark regions have low radial derivative

L amA i Ak - Ve I v A i e
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ﬂ 3 2. Range marker showed up.

3. Shadovws were marked by the following characteristics: 1in
front of the shadows we observed regions of high radial
derivatives (cause of shadow) followed by regions of low radial

derivatives (edges of shadow) further followed by regions of

lovwer radial ‘derivatives (shadow). It was also observed that

44
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shadows were followed by regions of higher (increasing radial
derivative (elevated region beyond the shadow). We also
observed regions of negative radial derivative before shadous
;ﬁ ; and regions of positive radial derivatives after shadows.

4, For uniform, but high intensity regions (non-shadows) we
observed regions of positive radial derivatives before them and
.regions of negative radial cerivative after them. Of course,
these uniform intensity areas themselves have low radial
derivative like shadows. .Thus the signs of radial derivative
before and after a region of 1low radial derivative may be
useful in distinguishing shadows from other 1low derivative
regions.

5. However, we found some exceptions to these observations
also. Radial derivative seems to be the most promising of all
the preprocessing techniques test by us for detection and
identifying shadows.

However, in order to put confidence into the use of radial

derivative for detection and identification of shadows, more

testing with data with a corresponding topographical map is

39
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necessary. Ve did not have the topographical map to verify our
conclusions. Also, the radial derivative makes use of radial
changes and it does not take into account of side-to-side
changes. Using both radial and local derivatives may imp}ove
the decision making.

Originally we plotted the radial derivative information or
a seven point grey scale., However this plot 1looked too
cluttered wi£h symbols. Hence to have a clearer picture wve
replotted the radial derivatives on a five 1level grey scale,
The derivative values represented by +, blank, and - were
replaced by blanks. This plot is shown for the upper quadrant
in Figure 4.7. The regions of low intensity depicted in Figure
2.20 are shown dotted in Figure 4.7. Using the plot we
examined the regions of high but relatively constant intensity
preceeding shadows to test them as precursors of shadows. We
noticed that for these regions of high but constant intensity
before shadows there were regions of positive derivative before
them and regions of negative derivatives after them. This
indicated that these regions are some sort of precursors of-
shadows, (These areas were selected by hand. This selection
may be done by a computer program. However these programs may
be quite expensive and it is easier to select them by the
sight.) Figure 4.8 shows the same information as Figure 4.7,

but with the precursors indicated by numbers 0-9 and letters

4o
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B=U.

Then we tried to distinguish these groups of bright
regions to see if these belong to more than one type of
regions. Our investigation did not bring out any significant
differences among the various groups.

Next ' we atteﬁpted to correlate these precursor regions to
the shadbws. We did observe that there were shadows following
many of these precursors. This gave confidence to our
conclusions. |

Finally, we wused the spanning tree algorithm tc cluster
the dark areas (possible shadows). We did not obtain any
accurate division of these areas into individual shadows.

For a 128 x 128 point picture it took 26 seconds of CPU
time to <calculate the radial derivatives, Storage requirement

2
was 2 x 128 bytes. Ve were alloted 200 kilobytes and it was

sufficient. Expense was $1.95 per run.
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4,5 Conclusions

Out of the three techniques of preprocessing used, the
radial derivative technique seems to be the most promising for
detection and identification of shadows. However, combinations
of these techniques may prove to be more useful under some
conditions. It is necessary to have a topographical map

corresponding to the data used to verify our conclusions.
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4.6 Note

| We, at Clarkson, wrote, debugged and tested the programs
used for the grey-scale plots, calculation of local variances,
local gradient and radial derivatives. These programs are
specifically written for these types of data (type of numbers,

data x-y, rather than radial format). These programs are now

available on disk and also on tapes for further use on this

type of project.
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5.0 CONCLUSIONS

This report has presented the results of a compariéon of

j; nonparanetric clustering techniques and their use in examining
radar clutter from shadowed terrain. Successful techniques for

_3 extracting features from clutter will aid in understanding the

underlying structure of the clutter anc in turn wilﬁ lead to

;% the development of useful clutter models. The Forgy-Jancey and

minimum spanning tree zlgorithms were tested on both simulated

and actual radar data. Some preprocessing techniques were also

tested on the actual radar data in connection with the minimrun

spanning tree algorithm. The Forgy=-Jancey algorithm was found

H to be a very flexible tool, handling 1large multidimensional

data sets with minimal cost in CPU time and storage.

Unfortunately the performance of this algorithm was found to be

|
1 inconsistant in terms of finding the "natural"™ number of

’j clusters. In general, repeated applications of this algorithm

} are necessary in order to find the optimum number of clusters

and perameter values. A more detailed discussion of the

3 conclusions pertaining to the Forgy-Jancey algorithm can be

found in Section 2.5.

The minimum spanning tree algorithm was found to be more

robust in its ability to detect a natural clustering; it was

4y
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never observed to split a natural cluster as was the

Forgy-Jancey " algorithm. The ARTHUR implementation of the

minimum spanning tree provides flexibility in clustering, since’

once the tree is found, the data can be clustered repeatedly

without recomputing the tree. Finding ¢the tree, nowvever,

turned out to be costly for large data sets, since the ARTHUR

implementation requires calculation and storage of the distance
between every pair of. data entities.- Alternative procedures
for computing the tree are available, howvever, as are
alternative procedures for clustering the data from the tree.
A detailed discussion is presented in Section 3.5.

A discussion of the preprocessing techniques examined is
presented in Section 4, with the conclusions in Section 4.5.
The preprocessing was motivated by the need to reduce thLe
amount of data provided to the minimum spanning tree algorithm,
but was found to be a useful technique in its own right for
extracting features from clutter. Computation of the radial
derivative was the most revealing of the techniques studied for
locating and defining the edges of shadows.

Clustering techniques appear to hold great promise for
examination of the structure of clutter returns, provided -that
the techniques are applied with some care and common Sense.’ A
primary result of the work to date has been installation of the

ot
relevant programs on the Clarkson College computer, and the
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3 faniliarization of the researchers with their use. The next
séep would be a detailed application of these programs to
actual radar data, including an examination of a wider variety

Li ofbclutter properties.
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APPENDIX: PROGRAYN LISTINGS

This appencix contains the 1listings of the progrezms
developed and used in this project. Figure A.1 is the comnents
section from subroutine EXEC, anc describes the input format
for Forgy-Jancey data. Figure A.2 is the input specification
for the outlier Forgy-Jancey subroutine EXEC3. Figure A.3 is
the subroutine EXEC to go along with the comments in Figure
A.1. Figure A.4 is subroutine EXEC2 which allows outputting of
the sorted data. Figure A.5 is subroutine EXEC3, the outlier
calling subroutine. Figure A.6 (Parts 1-3) 1is subroutine
KMEAN, the original Forgy-Jancey clustering routine. Figure
A.7 (Parts 1-3) 1is outlier subroutine KMEAN2. Figure A.8 is
the RESULT subroutine, which outputs the results of KMEAN.
Figure A.9 1is subroutine RSULT2, which allows output of the
sorted data array. Figure A.10 shows the driver routine MAIN,
function DIST, and subroutines USER and USROUT for a sample
Forgy-Jancey clustering run. Figure A.11 shows MAIN and DIST
for a sample outlier run, and also another version of DIST used
in intensity clustering. Figure A.12 1is subroutine RAY, our
rayleigh random number generator. Figure A.13 is the program
that created the rayleigh data set with sigma = 10,000, Figure
A.14 1is the program that created the rayleigh data set with
sigma = 50. Figure A.15 is the plotting program that produced
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all of our 100 x 100 and 128 x 128 point cluster plots. Figure
A.16 is the grey scale plotting program used to generate all
grey scale plots without overprinting. These programs vere all
either written at Clarkson, or installed and modified at
Clarkson to suit the purposes of the project. For a
description of ARTHUR, see Section 3, and the ARTHUR program

documentation [7].
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v

'Read the data
[Bstablish init centroids

E

Assign next data
entity to nearest
centroid

AL
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?////’
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v \\\\:13///r y
[ Update centroids by Update centroids

Jancey method by Forgy method

N

|

entities-

‘moved < minrel™, FO _

Figure 2.1: The Forgy=-Jancey Algorithm
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i h___.xl N data X
: Establishes o 3
] I/0 units disk &‘
j Sets dim. of
¢ data array :
}» Calls EXEC ]
! ‘} CEAN USER
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1 EXEC Calls USER [ scaling & !
| : Calculates coord. trans. D
1 Reads clusters I ?
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F | membership data
F Calls KMEAN vect

Calls RESULT |reeror ein.

3; RESULT EH;
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{ data on
| disk

3 Figure 2.2: Forgy-Jancey Program Path
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Figure 2.5:
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Figure 2.8: x-y Clustering of Simulated Shadowus
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o H
g c H
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b 1 c \
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. €C CARD 1 TITLFE
C CAPD 2 PARAMETER CARD
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c mnuf:r. CARY PUNCH
[ NTCUT «L® e 0s I3 NIT SAVE MEMNIFQSHIP LISTS
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[ UNITS FORY CAWDIS) X IN 20[8 FORMAT, [F TA i
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3 E
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. HCAY FROM CARD(S) & IN FORMAT “FHT® pMIZM S y
. REAY FRIV CAR) 3, :

COLS 39-31 METHID=PARAMITEP FIR CN\OSI“" ™e ALGOQIYNU IN OvE
VERS[.IN O0F SUTROUFINE "KMEAN
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‘COLS 23=2T7 MINHFLEITEUNINAT|ION PARAW TP, CLUSTERING ENDS WHFN A
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COLS 40-43 OQUILYRrCOEFFICIENT (NFTWEFN 3 and ¢ lNCLJSIVEI FIAI THE
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4 3
.,. 42 3
i X k
$- ;
)4
£
! 4
:}
; N
|
g FORTRAN IV 6 LEVEL 21 Exec DATE = 7934S 09736730
: l : 0001 c "SUBROUT INE EXEC (X LINIT)
!’ € THEIS SUANNUT INE REANS DARAUETERS, COMPUTES STORAGE AND CALL®S MAJOR ;
€ PROGRAM SEGUFENTS NFFNEND FOA A NON-HIFRARCHIAL CLUSTERING JOI USING
| :. CNE OF THE METHODS PROGAAUMED AS A VERSION OF SUBROUTINE “KVEAN® H
: : C  MOKRF COMNENTS AND A FULL EXPLANATION CAN B8E FOUND [N FILE *0D.FCOMMENT, :
] g OR DY IATAINING THE REIDRT THAT WAS A SOURCE OF THIS PROGRAN, %
0002 DIMENSION X{1).TITLE(20) K
0003 READ (5.1000) TITLE ;
| 0004 READ (%.1100) NEJNV.NCINTINNTOUT o MINREL ¢ IPART s NETHOD i
| 000S WREITE 6,2000) TIVLE 2
b | oog; vl:«lv: (65 2193) NE LNV NCINT INGNTOUT s M INREL ¢ 1P AR Ty METHOO :
3 00
E ) A 0008 N2aN1 NCONY 2
E : 0009 N3IaN24HC .
0010 NAENIONE :
[[1 18} NS =N ¢NCONY :
€ ®NG6™ MAY (AND WILL) OE INCREASED IN SKMEAN® i
0012 NOENSINV-] :
0013 w-mms- ;
0014 j
00153 san: (6422000 MAXILIMET K
2916 IF (NAX +GT, LINIT) STOO H
[1-104 CALL KMFANEXINT 3o X{N2Y o XENID o XENG ), XTNS) o NS NE NV ¢ NC o NT TNy UINREL , i
* JOARTMETHOO,L IV IT) 3
0018 CALL RESULTIX (NI oXCN2)o XCA3) o XENA Yo T ETLE s NE, NV NCoNTOUT, i
* X{NA)JX(NS)) '
0019 HE TURN 4
0020 1000 FORVMAV({23A4) M
: 0021 1100 FOSMAT(SLS)
i 0022 2030 FCPMAT(14t,20A8 )
: 0023 2100 FORVAT(SONE 23.1%9:/0% NV 29.18e/5% NC =2018470° NTIN B°0160/4
1 NTOJT 2t ,85./¢¢ NINREL =0, (a,/¢° IDART 20,[Se/e® METHOD =°,14)
0024 2230 Ftnuu'oneoumn STORAGE =%,18,°% WORNSY,/, i
; *OALLOTTED STORAGE =¢,18,¢ WORDS'})
A 0023 *enp 3
i
: %
A g
! 2

Figure A.3: Subroutine EXEC
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FOATRAN 1V G LEVFL 21 MA IN DATE = 79363 10/02/7%6
ALTERED SJNINITINE EXEC-~CALLS KMEAN, RSULT2
0001 ¢ t SUANOUT INE EX CzthLlﬂll’)
[4
€ THIS SUURDUT INE READS DARAIETERS, LNMPJITES STORAGE AND CALL'S MAJOR
€ PRLGRAM SEGUENTS NESOT) FOX A NIN-HIFRAPCHIAL CLUSTERING JN3 USING
€ ONZ OF TrE METHODS PRIGAANEED AS A VERSION IF SUBRIUTINE "KUEANT
[4
C MORE COMMENTS AND A Fy__ EXILANATIOIN CAN AT FOIN) N FILE 'J').FCON!E"T'-
C OR PY OATAINING THE RCPOPT THAT #AS A SJJQCE OF THIS PO
€ -==CHANGES MADF T3 “N&m, wy7e, SUNPOUTINE “3€SyLT® 1S -asuuz"-
€ ~==CHANGED 1INV FORMATS (NDICUMENTED N ROSCIE FILE “FCOMMENT®)
[ 4
0002 OINSNSION X(Il. Ylﬂ,F(ao)
0903 READ (%5.1009) LE
0004 READ (%.110)) NE.NV.NC SNTINNTOUT s MENREL » [PART . VETHOD
0003 WRITE (6.2009) TITLE
o006 UIIITE 16,2103 N“.W.NC.NIIN.N!W?.H!NREL.l'Alll’.hEYKOS
0007
0008 NZ-NIONC‘W
0009 NI SN2 #NC
0010 NA=NIINF
oot NS aNS $NCO NV
€ =i6® 1S NIT THE SAME AS IN NRIGINAL PROGRAM, ALSO "N7?7% CHANSED, TOO
o012 NGENS ¢NVENE
0013 N78NGNE=1
0014 MAXENT
001S WRITE (64 2200) MAX,LEMIT
gots IF (MAX ,GVe LIMIY) STO3
[ 1104 CALL KMEAN{ XEND Do XEN2) o XENI s XINS I ¢ XINS) cNSeNEeNV¢NC NTINes WINREL,
* 10ART, ¥ZTHOD .. 1WLY)
o018 CALL RSU.T2{XC¢N1D) oXIN2)sXEN3) o XUNG)sTITLEJNE«NVINCINTOUT,
* XINS) XUNS))
0019 RE TURN
0020 1000 FORMAT({2)As)
0021 1100 FORMATI19,215,212,(5,212)
0022 2000 FORMAY(1414,23A8)
o023 2100 FORVAT(YONE s, §3¢/47 NV a?,[8¢/0% NC 5?5 {8e/¢? NTIN 2?4164/,
* ' N X o 150/7e% MINRIL =%, 08470° IPART 2',185,/," VNETHID =¢,14)
0024 2200 FORMAT{'INTIOJIIEN STNQAGE =t (A, uonos-./.
[ LLOTTED SYIRAGE l'.IOo' WORJS*)
0023 €

Figure A.U4: Subroutine EXEC2
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FORIRAN IV 4 LFYFL 21 . AN PAIC = 79363 10721729
€ ALYHED UFVMTINE FRFCewCAt KME AN 1 4
0001 ARG P BT ) il el “

2000800005001
0002

ANAAAAAARNANNRAARNAARDAANANANNA
a
3
e
“

THES SUSIIUT INE (EANS PAUANCTENG, COMMWYTNS STORAGE AND CALL®*S HANR
PROGHAN S AV NTS NECTOED FOR & NIN=HILHARGHIAL CLUSTFRING JDD USING
GNE OF Vi ILINODS PROGAMMED A A VLHSION OF SUMIDUTING “KNEANZS

MO COMMINTS AND A FULL CXDLANATI(IN CAN B” FNUND IN FILF -no.rcc-mn
00 MY GAIAINENG IHE PV ORRT THAT WAG A SNUARCE OF THIS PINGDA
—ecCHANAER MATE T WNAN, WTA o SUIIAUT EHE “GrsuLte 1g -usm.'
—aeCHANGED INAUT FOUNATS (DICUNENTED IN ROSCOC * (LS ®ECONMENT®)
INPST SOFECIF ICATIONS
CARD TINLE
CARNY 2 PARANETER CARD
COLS 1= 9 NEsNUINER NF ENTITIFS (OATA UNITS)
COLS 9«11 NYSNUIRLR OF VARIA Es
COLS 14-11 NCENUNAFD OF CLUSTER
19-29 NYINSINWT NIT FIR wz DATA SET
NTINEG, CARD WEADER
NY fMNF o8¢ TANE CR DISK FIL
COLS 21=22 NTOUTNUTNAUT UNIT FOR Sllef. CLUSTER NEWIERSHMIP LISTS
nth-r. CARD PUNCH
: NTOUT.LF .0, ) NOT SAVE MTURERSHED Llsts
COLS 2327 Ilm&ll'e'i"l'lll' 1N PARAMETER. CLUSTERING ENOS wHEN
CYCLE THRTUGH THE AATA SCT MESULTS IN ﬂumu-
OR FENER CHANGES (N CLUSTER MENREASHIPS
MINREL.LESD . nnuz {:] cnuu"tE CONVERGENCE
coLS 28-29 l-ntsmlnn. AT LV ION PARANTY
(PARTw o szn pcmts ARE qn.rcrm FROYM THE OATA UNITS,
A THT SEQUENCF NUMRERS FOR Tif CHOSEN DATA
vm 1S FOPY CARNIS) 3 (N 2004 FNRVAY, (F T
mvogzl COMIANTS DELETED C000090006 7000300000000 0000000600000000000800
DINENSION XC1 ¥e VITLEC 200
READ (S.1000) TITLE

0006 '“'I.;l”l.g.. 0039 NEJNV(NCoNTL NsNTOUT « HINREL S l.llfo.!"lﬁﬂo“‘l‘lo
o00s URLITE (4.2000) TITLE
0006 .iz‘l‘;:':Oo 300) NENVeNCNTINNTOUT JMINREL ¢ IPAR T, ¥ETHMOOD JNCHNAX o
0007 IF (NCHAX oLE, O) NCNAXSNE
0098 Ni=)
0009 N2uN| ¢$NCHAX ONY
0010 NZaN2+NCIAX
0011 NaAsNIeNE
[ 1 1% NSSNS ¢ NCIAXSNY
®NG® IS NOT THE SAME AS [N ORIGINAL PROGRAY, ALSO "N7® CHANGED. TOO
0013 NG sNS oNVE NE
0014 NTwNG eNE-1
001S MAXS
0016 YRITE (622901 axaL LUty
0017 IF (MAX ,GF, LIMIT) CALL SVC(1S)
o018 CALL xucmzucmv.xmu.nnm.xmu.xum.ns.ne.nv.uc.nnu.nm. ‘
1
FORTRAN IV G LEVEL 21 £xecs DATE = 793eS 10721729
. IPAII’ METIND oL [NIT o NCHAX
o019 B TorR iRt AN T K TS X e s s v ivLe e v anc NTOUT,
o< xmu.nnsn
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Figure A.5: Subroutine EXEC3
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‘MODELING OF SHADOYWS IN RADAR CLUTTER
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1
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Figure A.6 (Part 1): Subroutine KMEAN
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; MODELING OF SHADOUS IN RADAR CLUTTER

i L

P

: PORTRAN IV G LEVEL 21 RNEAN OATE = 793es °0/81/730
k3
nea THE OATA SET TNTD CENTAA WORY
b3 0023 So "1y € L we
E 0024 oo 0 Kwj JNE
3 0023 CALL USER (OATAIXID)
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F 0039 N JSNUBIR( J)
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g 00414 00 70 vl oNV
, 00642 70 TOTALCI1® 1120,
: 0043 N0 R0 KJsleN)
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00060 115 NPASSE]
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0061 120 J1=0
0062 mv 130 JuloNC
00a3 MR LSIe D
0064 N 130 1aleNV
00nS Jimatel

Figure A.6 (Part 2): Subroutine KMEAN

.91




MODELING OF SHADOWS IN RADAR CLUTTER

PORTRAN (Vv G LEVFL 20 (L2 OATE s 79748 09/%1/30
p 2086 3 InTMm. .
3 0907 ' unwf‘s“" e
| 0068 10§47 o0
‘% 009 < Au.nc:rr. CACH DATA UNIT TO THE NEARESY CLUSTCR CENIRNID
0070 00 160 i Nr
3 007y K2nKy o)
: 0072 3981
i € CONWTH DISTANCE TO FIRST CLUSTER CFNTROCO
[ 1344 DREE*DETIOATAC KD ) s CFNTHR( I2))
1 0074 J0rrel
? ¢ msv otsuu:zs TO SEVAINTING CLUSTER CENTROIOS
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Figure A.6 (Part 3): Subroutine KHEAN
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MODELING OF SHADOWS IN RADAR CLUTTER
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Figure A.7 (Part 2): Subroutine KMEAN2
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MODELING OF SHADOWS IN RADAR CLUTTER
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Figure A.7 (Part 3): Subroutine KMEAN2
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A FORTRAN IV G LEVEL 28 usRouT DATE = T93e3 11719701
3331 YRRV NE i ouT e
. 0003 WRITE(2,10)CXET)oTn0e3)
i 0004 10 FORNAT(2P4.0.F1 7210)
0093 RETUAN
3 £H1 €80

Figure A.10: MAIN; USER; USEROUT; Function DIST
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MODELING OF SHADOWS IH RADAR CLUTTER

FORTRAN IV G LLvEL 21 : wo DATE = 3011) T J8sswes ?
’ § ORIVEAL FUKIICH 03Cs IM FILE *FCONNENT |
20001 PlENsIO. X120203)
0092 LINITS 0
9303 cALL uc.su.uuln ;
0078 ENO B IL ..
0093 sToP - :
0008 oo :
FORTRAN IV & LEVEL 21 : oisr - - OATE = g0111 96s39/08
0001 runctTiow alsnx.n
0002 DLVENSING X1 ) ..
3 ouuo-ce 15 20 161 N’ (x=v)
0933 0isTzos2
1 0004 o2
; 0008 10 :nst-olsnuuu-vunua .
0036 RETUHN
o%T?
1 _
F3ieTaAN IV 6 LEVEL 21 ) TOTetsy T T pave = so11a 0s/e2730
211 FUNCTINY DISTIN Y )
j €332 DIMINSICY ACLDoVELY . .
% € Vel DIGTA'KE F0Z TION UNLY USES THE THIHO VARIABLE=<INTENSITY
- W €013 OISTEAUSIX(II=-Y (3}
' Q0o . o TU4N
€335, L. ... .END ..

Figure A.11: MAIN; Two Versions of DIST
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z MODELING OF SHADOUWS IN RADAR CLUTTER

FORTRAN IV G LEVEL 2% RAY DATE = 79363
] SURROQUY INE RAVIIX.LY

8805 Tyt isSe (IXeEYeYFL, S168A)

0033 IF (1Y .,2E. 0) GOTO 1O

0004 IYuiYe214 748360 20

0003 10 YFL=lY

0008 YELEYFLO) ,4656513E8-9

2007 YFL=SARTL =2,085IGMALS20AL0G(I-YFL))

0008 ixsly

0009 RETURN

0010 €ND .

Figure A.12: Subroutine RAY
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MODELING OF SHADOWS IN RADAR CLUTTER

FORTRAN IV G LEVFL 21 RA N OATE = 79365 Le/86/16
% 0091 QiuENSION VALUE (100.100)
0032 SIGuALaY,
0003 swnz-wooo.
0004 1X3123454 780
0008 o0 109 l-l.mo
0004 00 wg
0097 CALL RAY{( lx.nr.vﬂ..slcuu
0058 100 VALUE((+J)sYFL
3 0009 00 § I=1,19
3 0010 0c 1 -l.mo
3 0011 CALL RAV( IXoIVeVYFLSIGWA2)
% o012 1 VALUEC Sy s )avALORC Tos) ovPL
b 0013 oo 2 laza.:o
£ 0014 00 2 Js1.39
j=h %018 CALL ﬁAV( IXeIVeYFL,STGNA2)
& oote 2 VALUZ(1+3) SVALUE(T s J) ¢ VYEL
3 0017 00 3 t=2),.30
091 A D0 3 J=51.109
& 0019 CALL RAY{ IXo 1Yo YFL,SIGMA2)
¥ 0020 3 vuueu.n-vau!u.uovn.
H 0021 00 & (531,59
2 5 0022 NO & J=i, 100
0023 CALL RAY( IX41YeVFLSIGMA2)
0024 3 FALUS (1 ¢ J) *VALUE( T o J) ¢ VFL
0028 DO 5 1263,A0
0026 DO 5 Jv1,59
! 0027 CALL RAY(IX.1YoYFLoSIGMAZ)D
3 0028 L3 VALUE( 10 3)SVALUECEoJ) o YFL
£ 0029 0 4 [360.80
: 0030 DO 6 J=9 100
% 0031 CALL RAYU IX IV YFEL,SIGMA2)
3 g 0022 [ VALUE( 1+ ) sVALUEC E o J) ¢+ YL
2 0033 DO 7 I= l.loo
3 0034 00 7 J=1,100
3 0031S CALL nnux.n.\rﬂ..smuu
0036 14 vALUE( l.n-nuﬂ (o d)evFL
L 0027 0O 200 131,100
% 0038 DO 300 Jsi.100
: 093¢ 309 WRITEC14590) 1.JeVALUE(T o &)
4 0340 500 FORMAT(214.€17.10)
% 0041 ND FILE 1
0082 RITE(6.1000) LV
: 0043 1000 FORMATC(IX.E11)
i 006 NO
3 g
:q B
: <
3
i3 i
L .
48
3
] 3
f g
3
%
|3

Figure A.13:

Creates Rayleigh Data, SIGMA210,000.
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MODELING OF SHADOUS IN RADAR CLUTTER |

4
§ FORTRAN IV G LEVEL 21} HA N DATE s 79383 131703721
i 0098 ou-omm VALUE (3 00,100)
i 0092 $t6
0033 SlG‘A!IS').
00ne 1X840224704%
009% N0 100 I-I.\OD
0006 00 100 J21.100
0007 CALL RAVY{ llclVoVFLoSlGﬂl’
0004 ' 100 VALUFE L §40 )mYE
0009 Do l'l.l'
0010 20 1 J=1,100
0911t CALL RAY( IXo1YoYFLeSIGMA2)
0012 1 VALUE L1+ J)aVALUE(T o JY ¢ YFL
0013 00 2 ll?’)o!@
0016 DO 2 Jst,
9015 CALL Rlv( II.IV-VFLoSIGMAt)
[-331) 2 VALUE( I-J)'VALJE( 1eJddevEL
0017 20 2 1229,30 . 3
0019 00 3 J'SI 100 ;
0019 CALL RAY( IK.IV-YFI.-SIG!lz)
- 0020 3 VALUE (1« J)TVALUE(L o J)*YFL
§ 0021 00 & Is3,
02 00 4 J=l.100
3 0023 CALL RAYL IXoEVe YFLSIGHARD
0024 . vALYE L I.J)-VALJ!’( TeJ)eYFL
4 0023 DD S 253,40 :
1 902¢ D0 S J=1,59 b
3 0027 CALL RAY( IX.IVeYFLISIGUA2)
g 0028 S VAILIE (] « S)VALUEL L J) ¢ YFL
0029 wu b §569,.%0
0020 NO 6 Js91,100
0031 CALL RAYCIXolVe YEL,SIGMAZ)
00J2 [ VALUS(1+:J)2VALJE( f44) PYFL
0023 00 7 1=281,100
Q034 DO 7 J=1.s 100
0033 CALL RAve u.lv.vﬂ..swmz!
0036 7 VALYEL] o.I)RVALU!( Ted)oYFL
0037 00 300 t=).,120
[ 1L} 00 Y00 J=1.100
0039 300 WRITE(L.S00) 1oJe VALUEL L J?
0040 200 FORMATL2 (4,FL7.4310
0041 END FILE )
0082 WRITEL6,1000) IV
B [ 1} ] 1030 FORMAT(IX.ILL)
¥ 0040 END b
1
t

in et

Wi .2 > oA A e ARSI At

Figure A.14: Creates Rayleigh Data, SIGHA:SO.

102 |

o [, ¥% SRR WNIMAOT A TR R




FORTRAN IV G

8234

TN N s 05 w0 oo 50 ot 20 @ 00
UN=OOBYOROUN-

900000000000000
0000000000000
13

Figure A,15:

MODELING OF SHADOWS IN RADAR CLUTTER

Lever 21 oLor 0ATE = 793ss
RN L T e 1] 15.) POvPpegpes
GATA CRAIS 4100 120,0300007,0508804078
o 9CH, 8y, 0F
e sBeieg
o 030 4% 0,07

nata’00tse, 07
00 1 i=1, 1ROV

Ol
[} AOX( L2 )=00T
00 19 (»,9999
AEAD (5,20.%NI0 19IKOUNT
20 FORMAT(LS)
(-1:] J’ NUMAENRsS | o KOUNT
AEAI1440,2N9=16) NATAL,DATAR
40 FORMATL2r S 0D}
INTISINT{NATAL)
INT2INTLOATA2)
BOXCINT, INTZ)=CHARS(T)
30 CONT § Nu% .
1o SRiTE(s.5m
16 - .
s FORUAT(® ese EINIAN s¢¢ END OF DATA SET ON UNIT Ol.*)
13 00 10 =}, IR0
100 WRIVE(]10,200) {30R(L,J) o J*1 o JCOLD
200 FOPAAT( X 4 128AR D
sTOe
€ND

Cluster Plot Program
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MODELING OF SHADOWS IN RADAR CLUTTER

FORTHRAN IV G LEVEL 21 “a N OAVE = 8018

< GIIIV SC\L’ RQGQM‘-..
FGENSY
EEAI. lLll"(l?‘“ o THC Mlﬁ

l5obl (SCAL!(I!.I'I ")
L] FDHQAICQAID

l!!lg THe %O;E:‘ VALVE FOR EACH GRAY LEVEIL.
auo(s.lom THRESHIL)

[N}
aDl"(bol ) SCALE(IN) THRESI(L)
10 CONTINIE
whBIE(5e102) SCALE(3) o THRIESI S
€ REAY MAX HU1Z. AND VE«Y, AK(S VALJCS- (<= 1283 <= 2%6)
nEAD (ﬁc’)@l VA KV, RARKM
£ i) :AXV.IMN

30 &
READ II.EOO) l-l“ﬁ(l)

Gk

0C 01 Kt?

z: (lLlN’IJl L€ THAESHIXK)) GO TO &)
40 ((.NVIME

~ lN’(JDt&AL!(GﬂAVD
30 LUNTY

uanuo.so:unwun.a:.-um
20 CLNT N

s102?
139 FORMATIFIS. D)
[L]] FCRMAT(® FYwsD, oA €' F18,7)
132 r QRVATLY SV'G(L"'.AI.‘ *239,F15.7)
201 FOQM-\N' MAXVE? o [4¢% MAKHME? 018071 %)
200 FORMAT(214)
4 FURIAT(® *,128A1)
300 :_a;«ul’(cneud'

FIGURE A.16: Grey Scale Program
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